Review for "A global spatially Continuous Solar Induced Fluorescence (CSIF) dataset using neural networks" by Yao Zhang et al.
1) Does CSIF represent SIF or APARgreen (p. 3 l. 30)? At several occasions in the manuscript (e.g. p.8 l.14, p.11 l.26) the authors state that based on the reflectances SIFyield cannot be reproduced by NN. They base the drought event analysis on this assumption by comparing CSIF to OCO2 SIF (p.10 l.5). At other moments, however, they stress the close relationship of CSIF to SIF (p.8 l. 18, p.11 l. 31 ) and call 20 it CSIF.
Response: As we discussed in the introduction, APARchl (or APARgreen) is the primary driver of the SIF variation at subdaily or seasonal scales (Du et al., 2017) . The SIFyield, on the other hand, can be relatively stable at monthly or seasonal scales although diurnal variations exist. A recent study using canopy SIF observations at a paddy rice site also showed that SIF is strongly correlated with APAR 25 more so than with GPP at both half-hourly (R 2 =0.82) and daily (R 2 =0.85) scale (Yang et al., 2018) . However, this only holds when no strong environmental stress is present. When environmental stress exists, the SIFyield should play a more important role and decrease SIF from its normal conditions (Liu et al., 2018) .
We call this dataset CSIF since it reproduces most of the SIF variations retrieved by the OCO-2 satellite. 30
The drought may happen for a limited space and time and deviate CSIF from OCO-2 SIF, but the overall relationship between CSIF and OCO-2 SIF is still very close.
Liu, L., Yang, X., Zhou, H., Liu, S., Zhou, L., Li, X., Yang, J., Han, X. and Wu, J.: Evaluating the utility of solar-induced chlorophyll fluorescence for drought monitoring by comparison with NDVI derived 35 from wheat canopy, Science of The Total Environment, 625, 1208 Environment, 625, -1217 Environment, 625, , doi:10.1016 Environment, 625, /j.scitotenv.2017 Environment, 625, .12.268, 2018 . Yang, K., Ryu, Y., Dechant, B., Berry, J. A., Hwang, Y., Jiang, C., Kang, M., Kim, J., Kimm, H., Kornfeld, A. and Yang, X.: Sun-induced chlorophyll fluorescence is more strongly related to absorbed light than to photosynthesis at half-hourly resolution in a rice paddy, Remote Sensing of Environment, 216, 40 658-673, doi:10.1016 Environment, 216, 40 658-673, doi:10. /j.rse.2018 Environment, 216, 40 658-673, doi:10. .07.008, 2018 2) Related to point 1, why not compare CSIF to other estimates of APAR? Greenness index * PAR?
Response: Thanks for your suggestion, the comparison between SIF and APAR has been carried out by several other studies both at regional scale (Zhang et al., 2016) and at site level (Yang et al., 2015; Yang 45 et al., 2018) . However, accurate acquisition of APARchl (rather than APAR) that drives the SIF and GPP is problematic. When using APARcanopy observations, the difference between APARchl and APARcanopy (mostly related to chlorophyll concentration in the canopy) will be mistakenly interpreted as fluorescence yield or light use efficiency (Zhang et al., 2018) .
Another problem with greenness index * PAR is that the greenness indices do not align with fPAR at 0.
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Several studies use different factors to correct for this misalignment, ranging from 0.02 (Ruimy et al., 1994) to 0.28 (Lind and Fensholt, 1999) for NDVI. In essence, this correction factor is affected by the soil (or snow) background and no universal value may be used. CSIF may be able to better capture the soil background information since it is directly trained on OCO-2 SIF, the soil background information can be correctly picked up by the NN and the resulting CSIF can be more closely related to SIF than 55 greenness index * PAR.
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Yang, K., Ryu, Y., Dechant, B., Berry, J. A., Hwang, Y., Jiang, C., Kang, M., Kim, J., Kimm, H., Kornfeld, A. and Yang, X.: Sun-induced chlorophyll fluorescence is more strongly related to absorbed light than to photosynthesis at half-hourly resolution in a rice paddy, Response: Thanks for your suggestion, we also realized that the MCD43C4 dataset uses 16 days of data as input and the day of interest is emphasized. This may cause potential temporal inconsistency in the 85 dates it represents. However, we think this would have limited effect due to the following reasons: (1) the vegetation growth is continuous in time, the optical properties that will be obtained by satellite would not change abruptly. (2) although MCD43C4 uses 16-day worth of inputs, it also emphasizes the day of interest. Nevertheless, we agree this should be made clear in the revised manuscript and we added the discussions of this issue in the Method section 2.2. 90 4) Although data processing is described in detail, at points clarification is necessary (e.g. regarding temporal aggregation for training, quality filters of reflectance and EC GPP data, see below).
Response: We tried to resolve your concerns and clarify the data filtering issues. 5) Spatial splitting for training-validation in addition to the temporal one, as extrapolation is not only done in time but also in space. I put it here as a recommendation.
Response: Since the largest variation in vegetation activity are the spatial and seasonal variability, splitting samples by years will maximize the spatial and seasonal coverage in the training and validation samples. In addition, since we need to randomize all the samples prior training the NN, using samples from entire years tend to get more randomly distributed samples in the space-season domain. If we separate the samples by latitude, there may be ecosystems/areas that only occur in the 100 validation but not the training dataset, and the model may be biased.
6) I miss plots of time series throughout the manuscript both regarding training/validation as well as comparisons to other datasets. Such plots could contribute to supporting CSIF as a very useful dataset.
Response: We agree that such time series plots would be helpful to get a sense of seasonal variations. We therefore added a figure for the training and validation dataset (see Figure R1 below). We also 105 revised the figure for the RSIF and SIF* comparison and added the time-series comparison in addition to the regression analysis.
7) Related to point 2: An interesting comparison next to the one to RSIF and GOME2 SIF v27 would also be the one to SIF* by Duveiller and Cescatti 2016 that you cite several times.
Response: Thanks for your suggestions, we added this comparison in the revised manuscript and a 110 paragraph of discussion is also added to Section 3.3. Response: The aggregation is conducted for each OCO-2 SIF files (daily), since the revisit cycle of OCO-2 SIF is 16 days, and only nadir view SIF observations were used, using daily or 4-day aggregation should not change the value of the samples. 120 c) Figure 1 nicely shows the spatial distribution of the training and validation data. What does the temporal distribution and representativeness look like? A lat-time plot might be useful here. Why are there no data for validation in Alaska and eastern Siberia?
Response: In Figure 1 (a,b) , the color of the dots represents the observations' day of year. Although these dots overlapped in the lower latitude, most of the lower latitude have training and validation 125 samples throughout the year. The boreal regions only have samples during the summer where sun zenith angle is relatively low and no snow or ice cover.
Since the OCO-2 satellite was launched in July 2014 and starting to obtaining data after September that year, limited observations is acquired in boreal regions that year. In 2017, the satellite also experienced malfunctioning in August and early September, making limited observations in the boreal 130 growing season.
d) You might consider removing barren areas in Sahara and central Asia from the analysis to potentially obtain clearer signals as many data points are obtained from these areas (Fig.1) and might affect the relationships in Fig.2-4 .
Response: We agree that using the non-barren samples to train the dataset may yield slightly better 135 performance. However, in this study, we aim to generate a global spatially continuous dataset. The SIF dynamic in these sparsely vegetated may be potentially of interest to future studies. Therefore, using the training samples from these regions are necessary.
e) p.5 ll. 12-17: If you first aggregate several soundings to 0.05deg and only afterwards integrate to a daily value, which SZA of the measurement do you use? 140
Response: If we call a 0.05-degree aggregated pixel a training sample, all the retrievals to generate this sample are from the consecutive observations within a very short period of time, usually within several seconds. The SZA during this period have little change and the average SZA from these retrievals is used as the SZA of this aggregated sample. Response: The MCD43C4 dataset has filtered out bad estimates (cloud affected) during the pre-155 processing for the model inversion (Schaaf et al., 2002) , therefore no additional quality check is applied in this study. However, the MCD43C4 also suffers from spatial gaps caused by failing to implement the inversion model and predict the NBAR. To fill the gaps in the MCD43C4 dataset, we used the algorithm (Zhang et al., 2017) for each band to reconstruct the 4-day observations.
Since the RossThick/LiSparse-Reciprocal BRDF model used to generate MCD43C4 dataset may fail 160 under contaminated atmospheric conditions, the observations obtained at bad atmospheric conditions is likely to be filter out during the model inversion and aggregation processes. We realized that this statement is not accurate and we have revised this to:
"Since this processing does not involve any extra information and only uses the reflectance observations from the successful model inversion, it should be comparable to the reflectance used for 165 NN training."
We deliberately included the snow affected pixels in the training and prediction, so that if the pixel is covered by snow (usually have quite different surface reflectances than vegetated surface), its SIF values can be correctly predicted. If the vegetation is covered by snow, it is likely to have minimum APAR and little SIF, both spectral observation (reflectance) from MODIS and SIF from OCO-2 would 170 contain little vegetation signal. This enables us to get consistent SIF values with the satellite retrievals.
We added some discussion about the temporal representation of MCD43C4 in Section 2. Response: We have now added several sentences in Section 4.4 to discuss the quality of BESS PAR dataset and its effect on CSIF. i) In the comparisons to GOME2 SIF v27 and RSIF, is there any accounting for over-pass time and 185 wavelength necessary between GOME2 and OCO2? A comparison to SIF* by Duveiller and Cescatti would complete the suite of products.
Response: We did not consider the differences of SIF emission at 757nm and 740nm. Since the regression is conducted at the temporal domain for each pixel, the temporal variation of ratio between SIF at 757nm to SIF at 740nm is thought to be limited and does not affect the coefficient of 190 determination. Since all the comparisons uses the daily averaged SIF, there is no need to consider the overpass time differences.
We did not add the SIF* dataset into comparison in the first version of the manuscript since it is not open to the public. In this revised version, we added the comparison between CSIF and SIF* together with the RSIF dataset. We also added a paragraph to describe this results in Section 3.3 195 j) EC GPP: Please add a bit more information: Did you use FLUXNET 2015 or the LaThuile data set? Is there any reason for choosing nighttime partitioning? l. 28-30: I would think you retain those data?
Response: We used the FLUXNET2015 dataset. This is made clearer in the revised manuscript. The nighttime partitioning method is now better described and can be regarded as more independent estimate of GPP. The daytime method assumes a hyperbolic dependence of PAR which also affect SIF.
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However, the difference between these two is minor (see the detailed comparison in Zhang et al., 2018) .
Yes, we do mean those data are retained. This has been corrected in the revised manuscript.
Zhang, Y., Xiao, X., Zhang, Y., Wolf, S., Zhou, S., Joiner, J., Guanter, L., Verma, M., Sun, Y., Yang, X., PaulLimoges, E., Gough, C. M., Wohlfahrt, G., Gioli, B., van der Tol, C., Yann, N., Lund, M. and de 205 Grandcourt, A.: On the relationship between sub-daily instantaneous and daily total gross primary production: Implications for interpreting satellite-based SIF retrievals, Remote Sensing of Environment, 205, 276-289, doi:10.1016 Environment, 205, 276-289, doi:10. /j.rse.2017 Environment, 205, 276-289, doi:10. .12.009, 2018 Training and validation (p. 8 ll. 1-26):
-Time series of the CSIF during validation would be nice to see, with validation points overlaid, for 210 example to illustrate the point of SIFyield in SV and GRA.
Response: We agree that the time series validation of the CSIF data would be a great complimentary to the scatter plot and the boxplot, here we select 12 2°´2° gridboxes, and plot their time-series for the SIF retrieval from OCO-2, and CSIF predicted values for the corresponding pixels and date. The CSIF generally showed minimum differences from the original OCO-2 SIF, except slight underestimation 215 during the peak growing season for cropland and deciduous broadleaf forest for some years. Since the SIFyield may only have significant effect during strong environmental stress period, which will be further shown and discussed in Section 3.4 and 4.2, we did not deliberately select samples that are affected by the drought. Figure R1 . Comparison of predicted SIF by NN and OCO-2 observed SIF for 12 samples (2°×2°) of major vegetated land cover types during 2014 to 2017. All samples in the training and validation are used. The blue color represents the observed SIF by OCO-2 and the red color represent the SIF prediction by NN. The error bars represent the standard deviation of all 0.05°×0.05° samples used to generate the 2°×2° gridboxes. MODIS MOD12C1 V6 land cover dataset is used to select these sample 225 gridboxes.
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-Also crops are strongly biased. Response: Thanks for pointing out, we also described and discussed this in the revised manuscript.
-l.17-19: At other points it is argued that CSIF cannot accurately reproduce SIFyield effects based only on reflectances. Please clarify and discuss. 230
Response: Through a sensitivity test using the SCOPE model, the fluorescence yield variations under unstressed conditions are small, especially compare to the variation of APAR. This is also supported by a recent study carried out at a paddy rice cropland, suggesting that SIF contains most information of APAR than GPP (Yang et al., 2018) . The short-term variations of fluorescence yield may be significant and become important when strong stress presents (Frankenberg et al., 2017) , which is not prevalent 235 for the training samples. The long-term (seasonal) or cross-biome changes in fluorescence yield may be related to leaf nitrogen content or carboxylation rate that may be in embedded in the surface reflectance and implicitly picked up by the Neural Network.
We highlighted the differences between the mean fluorescence yield and stress induced fluorescence yield changes in the revised manuscript. 240 -Please consider the different temporal information in instantaneous OCO2 SIF versus CSIF based on 19 days worth of data and take it into account and/or discuss it. 245
Response: Thanks for your suggestion. Since during the drought period, the atmospheric conditions are less likely to be contaminated and the MCD43C4 dataset tends to give the best estimate using the full model inversion with the day of interest highlighted. This reduced the possibility of using observations far from the day of interest.
We agree this could be an important issue for the drought monitoring using CSIF. We therefore added 250 some discussion in Section 4.2 about this issue. Response: We agree that several studies including Sims et al., 2006; Wu et al., 2010 suggested that the vegetation indices (VI) have positive correlation with the light use efficiency and a VI model is further developed. However, we argue that these positive correlations may be caused by different definitions of light use efficiency (Gitelson and Gamon, 2015; Zhang et al., 2018) . The fraction of light absorbed by the canopy chlorophyll (fPARchl) is what drives the photosynthesis, but it is only a proportion of the 285 total light absorbed by canopy (fPARcanopy). There may be positive correlations between the ratio of these two FPAR definitions (fPARchl/ fPARcanopy) and the VI, but the correlation between these two does not support the usage of VI for plant physiological stress, which is also suggested by Sims et al., 2005 , as the correlation break down during drought. In other words, the VIs may correlate with the seasonal changes of chlorophyll concentration, but the yield information is only related to the energy 290 partitioning after absorption by photosystems by its definition, and should be independent from the canopy characteristics.
